Abstract-A complete and monotonically-ordered fuzzy rule base is necessary to maintain the monotonicity property of a Fuzzy Inference System (FIS). In this paper, a new monotone fuzzy rule relabeling technique to relabel a non-monotone fuzzy rule base provided by domain experts is proposed. Even though the Genetic Algorithm (GA)-based monotone fuzzy rule relabeling technique has been investigated in our previous work [7] , the optimality of the approach could not be guaranteed. The new fuzzy rule relabeling technique adopts a simple brute force search, and it can produce an optimal result. We also formulate a new two-stage framework that encompasses a GA-based rule selection scheme, the optimization based-Similarity Reasoning (SR) scheme, and the proposed monotone fuzzy rule relabeling technique for preserving the monotonicity property of the FIS model. Applicability of the two-stage framework to a real world problem, i.e., failure mode and effect analysis, is further demonstrated. The results clearly demonstrate the usefulness of the proposed framework. Keywords-Fuzzy inference system; monotonicity property; fuzzy rule relabeling; application frameworks, failure mode and effect analysis I. INTRODUCTION The importance of the monotonicity property in Fuzzy Inference System (FIS) modeling has been highlighted in a number of recent publications [1] [2] [3] [4] [5] [6] .
I. INTRODUCTION
The importance of the monotonicity property in Fuzzy Inference System (FIS) modeling has been highlighted in a number of recent publications [1] [2] [3] [4] [5] [6] .
To maintain the monotonicity property of an FIS model, a monotonically ordered and complete fuzzy rule base is necessary [1] [2] [3] [4] [5] [6] . In order to maintain a monotonically ordered fuzzy rule base obtained from domain experts, a monotone fuzzy relabeling technique was introduced in our previous work [7] . It attempts to relabel a non-monotone fuzzy rule base gathered from domain experts. It searches for a new fuzzy rule base that is monotone (as the first priority), with the minimum number of relabeled rules (as the second priority), and with the minimum loss measure (as the third priority). A Genetic Algorithm (GA) was adopted in [7] . However, the use of the GA could not guarantee an optimal solution. It also might require a relatively high computation complexity.
As a solution to these shortcomings, the first aim of this paper is to develop a new fuzzy rule relabeling technique.
To maintain a monotonically ordered and complete fuzzy rule base, we also proposed an optimization based similarity reasoning (SR) scheme previously [7] [8] . A search in the literature reveals that various SR schemes (e.g., analogical reasoning [9] , fuzzy rule interpolation [10] [11] , and qualitative reasoning [12] ) are available to allow the conclusion of an observation (in the form of a fuzzy set) to be deduced or predicted, based on a fuzzy rule base (database). Even though these approaches are useful, it is difficult to ensure that a monotonically ordered fuzzy rule base is always produced [7] [8] [13] [14] . Thus, we argue that the deduced conclusions need to be optimized, before implementing them in practice [7] [8] [13] [14] .
To the best of our knowledge, there are relative few papers addressing practical implementation of SR. It is worth mentioning that in our previous investigations, applications of SR to Failure Mode Effect Analysis (FMEA) [13] and education assessment [14] have been investigated. Thus, the second aim of this paper is to propose a new framework as an alternative to preserve the monotonicity property in an FIS model, whereby its fuzzy rules are incomplete and nonmonotonically ordered.
The two-stage framework encompasses a GA-based rule selection scheme, an optimization based-SR scheme, and the proposed monotone fuzzy rule relabeling technique. It systematically reduces the number of fuzzy rules that needs to be gathered from domain experts. In stage 1, the GA is used to search for a small set of fuzzy rules (namely stage-1 fuzzy rules) that needs to be gathered from human experts. The monotone fuzzy rule relabeling technique is used to relabel stage-1 fuzzy rules. In stage 2, the remaining fuzzy rules (namely stage-2 fuzzy rules) are deduced using the optimization-based SR scheme. This framework is important in practice, because it always is difficult and laborious to obtain a complete and yet monotonically ordered fuzzy rule set from domain experts in the real environments [13] [14] [15] . The proposed framework allows a monotonicity-preserving FIS model to be constructed with the minimum number of fuzzy rules, even when the rule base is incomplete and the rules are non-monotone.
Traditional SR schemes usually focus on reasoning and/or interpolation of two neighbouring fuzzy rules within a relatively small local region [9] [10] [11] [12] . This approach may not efficient for the whole domain, or even a relatively large region, for real-world applications.
The proposed optimization-based SR scheme includes the (local) monotonicity property as an additional piece of qualitative information. The inclusion of such additional qualitative information is important, because it increases the accuracy of reasoning for a relatively large range of operating region. In addition, the idea of the two-stage framework is to search for a set of evenly-distributed stage-1 fuzzy rules in the whole domain such that reasoning and/or interpolation for a relatively large region can be avoided or minimized. In short, this study contributes to a practical solution for overcoming the limitation of obtaining a complete and ordered rule set from domain exper implementation of monotonic FIS model applications.
To demonstrate the applicability of framework, a real-world case study using th methodology with an FIS-based Risk Priority [6] [15, 16] is conducted. The FIS-based R , , , considers three risk facto i.e. Severity (S), Occurrence (O), and Detect ( an RPN score as the output. Note that S frequency and seriousness (effects) of a failur is the effectiveness to detect a failure mode u measures in the organization before the failu the customer [16] .
Several challenge implementation of fuzzy FMEA methodology (1) it is difficult, time consuming, and ted complete fuzzy rule base from FMEA practiti is difficult to design an FIS-based RPN model monotonicity property [3] [4] , and (3) the fuzz from FMEA practitioner maybe incom monotonically ordered [13] .
The new fuzzy FMEA procedure with framework is a practical solution to solve t The number of fuzzy rules to be gathere practitioners (i.e., stage-1 fuzzy rules) is min GA selection process. The proposed fuzzy r used to relabel stage-1 fuzzy rules, if monotonically ordered. The optimization bas then used to deduce stage-2 fuzzy rules. proposed procedure, data/information gat semiconductor manufacturing plant is used, an are induced to the original fuzzy rule b experiment.
This paper is organized as follows. The ba and its monotonicity property, and related w presented in section II. In section III, the pro fuzzy rule relabeling technique is described two-stage framework is presented in section fuzzy FMEA procedure is presented in Sec concluding remarks are presented in section VI II.
BACKGROUND AND RELAT In this section, the background of monotonicity property, as well as investiga (optimization-based) SR are presented. ), where conclusions for the observations are respectively. We focus on predicting the pro conclusions of ), which can be the repr central points, width, etc., and is denoted as
A. Gaussian membership function and its rep
The similarity measure between and , . Figure 2 depicts the observation of a fuzzy rule. Note that overlapping degree of the observation and the example of the similarity measure. Their repr are labeled as and respectively. Their distance is defined as | | , and the associated similarity measure 
E. The Optimization-Based Similarity Reason
The optimization-based SR scheme (as o 3) has been proposed previously to tackle the to the monotonicity and local monotonicity [13] [14] . It consists of an SR scheme, an optim and a monotonicity/local monotonicity evaluat Figure 3 . The optimization-based SR scheme (ad An optimization method is used to sea appropriate conclusions, which is the nearest ( difference or loss) to the deduced conclusions is able to satisfy the monotonicity/loca evaluation model. A mean square function is the difference between the SR deduced con optimized conclusions. In [13] [14] , the sufficie adopted as the monotonicity maintenance sufficient conditions (as explained in sect exploited as a set of governing equations modeling process. Fuzzy MFs are design Condition 1 (Theorem 1). It is assumed that th is incomplete and monotone, and some fuzzy r arch for a set of (with the minimal from SR, and yet al monotonicity s used to indicate nclusions and the ent conditions are e model. The tion II (C)) are during the FIS ned according to he fuzzy rule base rules are missing.
III. A NEW MONOTONE FUZZY RULE A. The proposed fuzzy rule relabeli
A set of fuzzy rules, i.e., considered. In this paper, we define rules that result in a set of non-mono base. We consider the monotonic useful information that can be use fuzzy rules are complete or inco relabeling attempts to search for a that fulfills the monotonic order when is compared with the neare In our previous work, the GA relabeling. However, the GA usual solution. Thus, in this paper, a new expected to produce an optimal so search technique is a brute-force search all potential solutions. It sta rule till fuzzy rules. If a solutio of fuzzy rules, where with the relabeled fuzzy ru The search process is terminated a for the fuzzy rules are required for relabeling of more tha solution is found with relabel 1 fuz The solution with the least loss f solution. Relabeling of two or more 2,3, … , is not required. The sear potential solutions for with relabel The proposed technique is outline routine in Figure 4( Figure 4 (b).
ness of the proposed fuzzy mple in [7] is revisited. A zy rules, as shown in Table  for With the proposed new approach, an optimal solution is obtained, and only 1 fuzzy rule (i.e., 1) is relabeled, i.e., fuzzy rule #3 is relabeled to 2, instead of 3. As a solution is obtained with 1, the procedure is terminated after all potential solutions for 1 are evaluated. It is not necessary to search for 2,3,4,5. Thus, the computation complexity can be reduced. A computer with Intel (R) Core (TM) i5-2300CPU @2.80GHz, 3.35 GB of RAM and Microsoft Window XP Professional was used for the experiment.
With Matlab R2008a, the search process consumed 0.053788 seconds.
C. Discussion
The optimization-based SR scheme (Section II (E)) constitutes an effort to relabel the SR deduced conclusions. It searches for an optimal solution set which is monotone and yet the nearest to the conclusions deduced by the conventional SR scheme. The fuzzy rule relabeling technique adopts an additional search criterion as compared with the optimizationbased SR scheme, i.e., the number of relabeled fuzzy rules should be minimized. This is logical as during the fuzzy rule gathering process, certain fuzzy rules could be wrongly provided because of human errors. The additional criterion is not included as part of the optimization-based SR scheme. This is because the errors from the conclusions deduced by SR (a computerized algorithm) that lead to a nonmonotonically ordered fuzzy rule base are more likely to be shared equally among all the conclusions.
IV. A PROPOSED TWO-STAGE FRAMEWORK

A. A two-stage framework
A proposed two-stage framework to ensure the monotonicity property in an FIS model whereby its fuzzy rules are incomplete and non-monotonically ordered is outlined in Figure 5 . It consists of six steps (i.e., A to F). Each step is further explained, as follows. 
Step (A) Design of the fuzzy membership functions
Condition 1 of Theorem 1 is adopted as the governing equation to design the fuzzy MFs.
Step (B) The GA-based Fuzzy Rule Search Process
Given a complete fuzzy rule base with ∏ rules, the GA is used to search for a minimum set of stage-1 fuzzy rules in such a way that each stage-2 fuzzy rule is associated with the minimum similarity measure (i.e., the minimum distance or supreme measure) corresponding to one of the stage-1 fuzzy rules. 
A summary of the GA-based procedure is shown in Figure 6 . It comprises several user-defined parameters, i.e., the number of iteration ( ), number of individuals ( ), crossover rate ( ), mutation rate ( ), , and . The output is an individual with the lowest objective value, i.e.,
. For a minimization problem, a lower objective function score corresponds to a fitter individual. The candidates in the population are arranged accordingly (from the least fit to the most fit) with the linear ranking method.
Initiate population with individual 3. While 4.
Compute objective value for each individual of with Equation (5) 5.
Fitness and Ranking 6.
Select from and Crossover with crossover rate 7.
Mutate with mutation rate 8.
Create new generation, 1 9. 1 10.
End While 11. Compute objective value for each individual of P(t)with Equation (5) 12. Identify the individual(s) with lowest objective value, i.e., Return ( ) Figure 6 . The proposed GA-based process for fuzzy rule selection
Step (C) Obtaining the stage-1 fuzzy rules from domain experts Stage-1 fuzzy rules are gathered from domain experts.
Step (D) Monotone fuzzy rule relabeling technique.
The method described in section III is used to relabel the stage-1 fuzzy rules.
Step (E) Approximation of the stage-2 fuzzy rules using the optimization based-SR scheme
The optimization-based SR scheme is used to deduce . Figure 9 . In Figure 9 , the stage-1 fuzzy rules are un-shaded, while the stage-2 fuzzy rules are shaded. In the simulation, suprema is adopted as the similarity measure.
Step (F) Construction of the FIS model
The stage-2 fuzzy rules are deduced with the optimization-based SR scheme. This can be accomplished with a Non-Linear Programming (NLP)-based AARS (Approximate Analogical Reasoning Scheme) method too [13] . Figure 10 depicts the surface plot for the simulated example. It can be observed that a monotone surface plot is obtained. 
C. Discussion
The proposed approach allows a monotone FIS model to be obtained, with a minimal set of non-monotone and incomplete fuzzy rules. The computation complexity for the proposed fuzzy rule relabeling technique is acceptable too. It is worth mentioning that the use of a two-stage framework (without monotone fuzzy rule relabeling) in an education assessment problem [14] and fuzzy FMEA [15] has been reported, and positive results that are able to maintain the monotonicity property have been achieved.
V. A NEW FUZZY FAILURE MODE AND EFFECT ANALYSIS METHODOLOGY WITH THE PROPOSED TWO-STAGE FRAMEWORK
In this section, a case study on a new fuzzy FMEA procedure with the two-stage framework is presented. In section V(A), the FIS-based RPN is explained. In section V(B), the fuzzy FMEA procedure is described. In section V(C), the experimental setup and results are explained. In section V(D), a discussion is provided.
A. The FIS-based RPN Model
The FIS-based RPN model has three inputs, i.e., S, O, D, and one output, i.e. the fuzzy RPN (FRPN) is the associated fuzzy consequent in the RPN domain.
For clarity, the fuzzy rule is written as , ,
is the representative value for , , . The zero-order Sugeno FIS model is used, and the FRPN score is obtained using Equation (6) .
The total number of fuzzy rules required for the FIS-based RPN model with a complete rule base is .
B. The Proposed FMEA Methodology
The proposed fuzzy FMEA methodology is summarized in Figure 11 .
To demonstrate its applicability, information/data related to the underfill dispensing process in a semiconductor manufacturing plant is used. The details are as follows. g) The intention, purpose, goal, objectiv process are studied. This is commonly re interaction among components/processes, by a task analysis. h) Potential failures of the product/proces problems, concerns, and opportunity of i identified. i) Consequences of the failures to other processes, operations, customers, governm are identified. j) The potential root causes of the failures ar k) The first level method/procedure to failures of the product/process is conducted l) The severity score rating is evaluated. m) The occurrence score rating is evaluated n) The detect score rating is evaluated. o) The RPN score is computed with Equatio p) Return to (g) if there are any corrections q) End 
C. Experimental setup and results
An experiment using the GA-based fuzz process with 50, 40 , 0.05 , 0.15 , and experimented. Supreme was used as a measu A total of 38 fuzzy rules were identified as t rules, which were gathered from FMEA practi words, only 38 fuzzy rules were required to c model by using the proposed procedure.
78.89%
180 38 180 ⁄ 100% ) of t required fuzzy rules was achieved. The rema rules (180 38 142) constituted the stag which were to be approximated. With the sam software configuration as in section III(B) consumed 2.52 hours. This duration is dee because the implementation of FMEA norma or even weeks [17] .
To evaluate the proposed fuzzy rule relab information gathered from a semiconducto plant was used [18] . Random errors were i ve of a product/ ecognized by the and is followed The stage-2 fuzzy rules wer optimization-based SR scheme. Th fuzzy rules were aggregated. monotonically ordered was fina summarizes the experimental resul modes are listed in column "F "Severity", "Occurrence", and "D factors of each failure. The failure are listed in column "Fuzzy RPN sc evaluation outcomes are obtained. 1  3  1  2  3  1  3  3  1  4  3  2  5  3  2  6  4  2  7  5  2  8  3  3  9  4  3  10  5  1  11  8  1  12  3  3  13  8  1  14  4  4  15  8  2  16  8  2  17  3  7  18  3  7  19  4  5  20  4  5  21  4  5  22  5  9  23  8  6  24  8  6  25  5  9 To visualize the outcome, a RPN score versus and while 13. As can be seen, a monotone sur To further ascertain the the m model quantitatively, the monotonic was conducted. During the mon comparable input-output pairs were As an example, to evaluate the mon reate a non-monotonicallybase. With the fuzzy rule monotonically-ordered, but ned, from the experiment. are configuration, a total of execute the simulation. re approximated with an hen, all stage-1 and stage-2 A complete and yet ally obtained. Fuzzy RPN  score  1  137  2  159  3  198  1  171  2  188  1  182  2  251  2  279  1  283  5  345  1  418  10  846  2  451  2  475  1  458  2  493  1  719  2  728  1  545  2  601  4  734  2  750  1  909  2  910  6  750 surface plot of the fuzzy 2, is shown in Figure  rface plot and . This applied to and as well as and . Thus, a total of 2700 comparable pairs were available. Table IV shows the results. All comparable points satisfied the monotonicity property. This signified that the FIS-based RPN model was able to fulfill the monotonicity property, and it could be implemented validly for the FMEA application. VI. SUMMARY We have extended our previous work in [7] [8] [13] [14] [15] in a number of aspects in this paper. Firstly, a new monotone fuzzy rule relabeling technique has been developed. We have also proposed a two-stage framework that comprises a GA fuzzy rule selection scheme, an optimization-based SR scheme, and the proposed monotone fuzzy rule relabeling technique for constructing an FIS model with an incomplete and nonmonotone rule base. It allows an FIS model to be constructed with the minimum number of fuzzy rules, while maintaining the monotonicity property. Besides that, it is worth mentioning that a new online (potentially real time) updating framework [19] has was also been proposed. It allows an FIS model to be constructed when the fuzzy rules are incomplete, nonmonotone and inconsistent. Three new measures, which are inspired from the Dempster-Shafer theory of evidence, i.e., the belief, plausibility, and evidential measures, have been investigated too [19] .
We have further demonstrated the applicability of the proposed framework to a real world problem, i.e., fuzzy FMEA. A new fuzzy FMEA procedure has been proposed. From the experiments, positive results have been obtained. It has also been shown that the proposed fuzzy FMEA procedure offers a viable solution to overcome several shortcomings of fuzzy FMEA for practical implementation.
For further work, the use of other (multi-objective) metaheuristic techniques (e.g., particle swarm optimization, harmony search, tabu search and etc) to generate the stage-1 fuzzy rules will be investigated. In addition, distance-based similarity measures to reduce the computation complexity required to generate the stage-1 fuzzy rules will be investigated.
